Objective: In 2012, Medicare began cutting reimbursement for hospitals with high readmission rates. We sought to define the incidence and risk factors associated with readmission after surgery. Methods: A total of 230,864 patients discharged after general, upper gastrointestinal (GI), small and large intestine, hepatopancreatobiliary (HPB), vascular, and thoracic surgery were identified using the 2011 American College of Surgeons National Surgical Quality Improvement Program. Readmission rates and patient characteristics were analyzed. A predictive model for readmission was developed among patients with length of stay (LOS) 10 days or fewer and then validated using separate samples. Results: Median patient age was 56 years; 43% were male, and median American Society of Anesthesiologists (ASA) class was 2 (general surgery: 2; upper GI: 3; small and large intestine: 2; HPB: 3; vascular: 3; thoracic: 3; P < 0.001). The median LOS was 1 day (general surgery: 0; upper GI: 2; small and large intestine: 5; HPB: 6; vascular: 2; thoracic: 4; P < 0.001). Overall 30-day readmission was 7.8% (general surgery: 5.0%; upper GI: 6.9%; small and large intestine: 12.6%; HPB: 15.8%; vascular: 11.9%; thoracic: 11.1%; P < 0.001). Factors strongly associated with readmission included ASA class, albumin less than 3.5, diabetes, inpatient complications, nonelective surgery, discharge to a facility, and the LOS (all P < 0.001). On multivariate analysis, ASA class and the LOS remained most strongly associated with readmission. A simple integer-based score using ASA class and the LOS predicted risk of readmission (area under the receiver operator curve 0.702). Conclusions: Readmission among patients with the LOS 10 days or fewer occurs at an incidence of at least 5% to 16% across surgical subspecialties. A scoring system on the basis of ASA class and the LOS may help stratify readmission risk to target interventions.
To reduce preventable admissions, the Centers for Medicare and Medicaid Services (CMS) initiated the Hospital Readmissions Reduction Program in 2012, as authorized by the Affordable Care Act. The overall hospital reimbursement was reduced by up to 1% at hospitals with above-average risk-adjusted readmissions for myocardial infarction, congestive heart failure (CHF), and pneumonia, conditions that represent a high percentage of readmissions. These penalties may increase to 3% in 2014. There are preliminary plans to expand covered conditions in 2014, including coronary artery bypass graft and other vascular procedures. 3 It is likely that more conditions will be added in the future.
Prior studies have sought to identify predictive factors for readmission, as it would be ideal to target readmission prevention interventions to high-risk patients. Most efforts have focused on medical rather than surgical conditions. A recent review of prediction models for medical readmission has found that most models have only modest predictive ability, with area under the receiver operator curve (AUC) of 0.56 to 0.72. 4 Some surgical studies on readmission have been done, focusing on general [5] [6] [7] [8] [9] bariatric, [10] [11] [12] [13] colorectal, [14] [15] [16] [17] [18] hepatopancreatobiliary (HPB), 19, 20 cancer, 21 and heart surgery. 22 These studies were largely focused on very specific procedures, and most were single-institution series. Furthermore, with one exception, these studies only identified risk factors for readmission and did not formally create prediction models. The one prediction model identified was specific to readmission after open lower extremity bypass graft. 23 The American College of Surgeons National Surgical Quality Improvement Program (ACS-NSQIP), a large, nationally representative risk-adjusted surgical outcomes registry, began collecting readmission data in 2011. No study has broadly examined surgical readmission using the entire national ACS-NSQIP cohort. This study attempts to define the rate of readmission after general, vascular, and thoracic surgery using this large national sample. Furthermore, we sought to identify factors associated with readmission and develop a generalizable predictive model to define readmission risk for individual patients.
METHODS

Inclusion Criteria
The ACS-NSQIP collects a sample of surgical patient data from member hospitals for quality improvement purposes. Variables include demographics, indications, preoperative risk factors, procedural details, and 30-day outcomes. Data are collected in a standardized format from clinical records. These methods are described elsewhere. 24, 25 The ACS-NSQIP makes de-identified data available to researchers as the Participant Use File. The 2011 Participant Use File was used, which contains data from 316 hospitals. General, vascular, and thoracic cases were selected.
These cases were then categorized into subspecialties using Current Procedural Terminology codes and surgical specialty. As procedural overlap between specialties was common, data were categorized by the procedure rather than by the type of surgeon. General surgery included cholecystectomy, appendectomy, and cases performed by a general surgeon not included in other categorieslargely breast and hernia. Upper gastrointestinal (GI) included esophageal and gastric cases. Hepatopancreatobiliary included all liver, pancreatic, and biliary cases except cholecystectomy. Small and large intestine included small intestinal, colorectal, and anal cases but excluded appendectomy. Vascular included all vascular cases as well as cases performed by a vascular surgeon not included in other categories. Thoracic included all lung, mediastinal, and chest wall cases as well as cases performed by a thoracic surgeon not included in other categories.
Patients who died before discharge, who were transferred to another acute care hospital, or who were not discharged during the 30-day follow-up period were excluded, as these patients were not at risk of readmission.
Readmission Ascertainment
ACS-NSQIP variables for readmission and unplanned readmission were added in 2011, which include readmission to any hospital within 30 days of the index procedure. This information was gathered from chart review and patient or family contact. Unplanned readmission is defined narrowly in the ACS-NSQIP, excluding unplanned readmission for unrelated causes, in contrast to the more inclusive all-cause CMS definition. 26 Also, only a small proportion of readmissions in this sample were designated "planned" (7.7%), so "any readmission" was used as a more sensitive measure. The variable for readmission had 12% missing data, which were excluded.
Counting 30-day readmissions starting from the day of operation rather than the day of discharge creates 2 problems. First, the CMS uses 30-day postdischarge readmission as the standard, creating a difference in case definition. Second, this introduces immortal person-time bias. Patients are not at risk of readmission ("immortal") until they are discharged. Calculating a crude readmission rate includes immortal person-time equal to the length of stay after surgery (LOS), which results in an underestimate of the true 30-day postdischarge readmission rate. For example, patients discharged on postoperative day 29 after multiple complications are likely to have a very high risk of readmission, due to the fact that the ACS-NSQIP only follows them for 1 additional day, their observed rate of readmission is artificially low. Exploratory data analysis demonstrated this (Fig. 1 ). Other studies have found increased readmission with longer LOS, 4, 8, 14, 19, 21 but in the ACS-NSQIP the crude readmission rate increases and then decreases as the LOS increases. This is consistent FIGURE 1. Average readmission rate by length of stay for general, vascular, and thoracic surgery. Data fail to approximate the theoretical relationship at increasing length of stay because of immortal person-time bias.
with shortened follow-up for longer hospital stays. To address this problem, all cases with LOS over 10 days were excluded (6% of the total). This allowed for most 30-day postdischarge readmissions to accrue, especially as readmission has been found to be front-loaded in the first week after discharge.
14 Exploratory analysis, compared with those included in the study, revealed that patients who stayed longer than 10 days had a much higher rate of complications (65.0% vs 10.5%; P < 0.001), mortality (3.25% vs 0.45%; P < 0.001), and readmission (16.1% vs 7.8%; P < 0.001). Even this high readmission rate is underestimated because of the immortal person-time bias at higher LOS. As such, patients who remained in the hospital longer than 10 days should be considered at very high risk of readmission but are not the focus of this study. However, this group was small and if they had been included in the study, the overall readmission rate would have been 8.3%, only marginally higher than the rate for those who stayed 10 days or fewer.
Death at home after discharge is a competing risk to readmission. Overall, 0.4% (729/162,159) of patients died after initial discharge. Among these patients, 54.7% (399/729) died at home without being readmitted first, but this did not vary between subspecialties (P = 0.905). Because of the low incidence of this competing risk, it was not included in the analysis.
Risk Factors, Prediction Modeling, and Statistical Analysis
Key risk factors were selected from the ACS-NSQIP variables. Readmission risk ratio and population attributable risk (PAR) were calculated for each risk factor. The PAR represents the absolute percentage of readmissions that are attributable to exposure to a risk factor. It combines the prevalence and severity of a risk factor into one measure of overall impact on a population. For continuous risk factors, relative risk was calculated as the ratio of the risk for the 95th percentile versus the median, and PAR was calculated by dichotomizing at the median. Multivariable regression analysis was performed in iterative fashion guided by effect size and PAR, with a goal of a parsimonious prediction model. Cases were divided randomly into 70% and 30% samples. The 70% sample was used for all data analysis and generation of a readmission prediction model. The 30% sample was used for model validation. Models were evaluated using AUC and then tested on the validation sample. Statistical analysis was performed with Stata 12.1 (StataCorp).
RESULTS
Baseline Patient Characteristics and Postoperative Course
In the 70% sample, 162,159 patients met inclusion criteria (general surgery: 89,758, upper GI: 16,134, small and large intestine: 25, 191 ; HPB: 4721; vascular: 22,980; thoracic: 3375). Median age was 56 years [interquartile range (IQR): 43-68]; 42.8% of the patients were male. The patients were 70.5% non-Hispanic white, 10.3% black, 7.5% Hispanic, 2.7% Asian, and 11.7% other or unknown. There were differences in the prevalence of clinical risk factors across specialties (P < 0.001 for all risk factors; Table 1 ). Median ASA class was 2 (IQR: 2-3) and varied between specialties (general surgery: 2; upper GI: 3; small and large intestine: 2; HPB: 3; vascular: 3; thoracic: 3; P < 0.001). Up to 83.9% of patients had at least 1 preoperative medical condition. Preoperative comorbidities included CHF (0.6%), chronic obstructive pulmonary disorder 
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9.6%; P < 0.001). Table 2 ).
Factors Associated With Readmission
A number of factors were associated with the risk of readmission (Table 2) In addition to preexisting patient comorbidities, several hospital course factors impacted the risk of readmission. Patients who had initially been transferred from another facility were at a 2-fold increased risk of readmission after discharge (RR: 2.03; 95% CI: 
Prediction Model for Readmission
As a baseline model, factors associated with readmission were identified using multiple logistic regression on the basis of a large number of ACS-NSQIP variables (Supplemental Data Table 1 , Supplemental Digital Content 1, available at http://links.lww.com/SLA/ A417). Coefficients were used to generate a predicted probability model of readmission. When assessing the 70% cohort irrespective of surgical subspecialty, the complex prediction model performed well on receiver operating characteristics (ROC) analysis (AUC: 0.721). The model performed slightly less well, however, when used to predict readmission among certain surgical subspecialties (range: 0.650-0.713; Table 3 ).
In an attempt to identify a more parsimonious readmission prediction model, iterative multiple regression guided by RR and PAR was performed. ASA class and the LOS were found to have the greatest predictive power. A regression model with these 2 risk factors found an absolute risk increase for readmission of 3.0% for each additional ASA class point (95% CI: 2.8%-3.2%) and an increase of 1.5% for each additional inpatient day after surgery (95% CI: 1.5%-1.6%).
Given that specific surgical subspecialty may impact readmission risk, a prediction model that included surgical subspecialty, in addition to the LOS and ASA class, was examined. Interestingly, some subspecialties were independently associated with differences in absolute readmission risk [reference, general surgery: 0%; upper GI: −1.2% (95% CI: −1.7% to −0.8%), small and large intestine: 1.3% (95% CI: 0.8%-1.7%), HPB: 2.8% (95% CI: 2.0%-3.7%), vascular: 2.2% (95% CI: 1.8%-2.6%), thoracic: 0.1% (95% CI: −0.8% to 1.0%)]. Of note, the coefficients for the association of ASA class and the LOS with readmission remained unchanged when subspecialty was added. Given that the risk difference associated with surgical subspecialty was small compared with the LOS and ASA class, operation type was not included in the final model. A simple integer-based "readmission score" was created on the basis of the multiple regression coefficients for ASA class and the LOS (risk difference of 3.0% for each additional ASA class point and 1.5% for each additional day in the hospital; weighted readmission score = LOS/2 + ASA class, rounded up to the nearest integer). This parsimonious readmission score model performed nearly as well as the complex all-variable model (AUC: 0.696 vs 0.721; Table 3 ). Similar to the complex model, the simple readmission score performed variably well across the surgical subspecialties. For example, although the risk model maintained predictive ability for general surgery (AUC: 0.687) and upper GI (AUC: 0.659), it performed poorly for thoracic surgery (AUC: 0.507).
Prediction Model Validation
The complex all-variable model and final parsimonious readmission score were then validated using the 30% random sample (n = 68,705). The complex model performed well in predicting readmission when applied to the 30% validation subset (AUC: 0.724). For the subspecialties, the complex model again had a variable performance on the basis of the surgical subspecialty examined (Table  3 ). In examining the parsimonious readmission score model that included only ASA class and the LOS, the AUC was similar (AUC: 0.702). Performance of the model stratified by subspecialty tended to be lower (AUC ranging from 0.591 to 0.697), but values were largely similar to those obtained from the larger generation sample ( Table 3) .
The incidence of readmission increased in a stepwise fashion as the readmission score increased (Table 4) . Specifically, among patients who had a score of 1, the incidence of readmission was 1.2%; in contrast, patients with a score of 5 and 9 had an incidence of readmission of 11.8% and 22.2%, respectively. Although there was some variation among surgical subspecialties, patients with risk scores of 5 to 6 had an incidence of readmission of more than 10%, and patients with a score of 7 to 10 had an incidence of readmission of more than 15%-irrespective of surgical subspecialty (Fig. 2) .
On ROC analysis, a score of 4 maximized sensitivity and specificity, and resulted in a low positive predictive value but a high negative predictive value ( Table 4 ). The distribution of readmission scores was plotted for all patients and compared with readmitted patients (Fig. 3) . Interestingly, although readmitted patients had higher readmission scores on average than patients who were not readmitted, most readmissions occurred at intermediate readmission scores, as there were many more patients with these scores. For example, a score of 4 or higher identified almost 80% of readmissions, but included about half of all patients.
DISCUSSION
Readmission to the hospital after a medical or surgical stay has been identified as an area for quality improvement. Readmission may be associated with increased hospital-related patient morbidity and mortality, as well as higher costs to the health care system. 27 As such, the CMS has described readmissions as an "expensive, adverse event for patients" and has begun public reporting of some risk-adjusted readmission rates. 3, 23 In spite of the interest in readmission, as well as these policy initiatives, relatively little is known about the incidence and factors predisposing to readmission after most surgical procedures. Several groups have reported on readmission after abdominal surgery in general surgery, 5 colorectal surgery, 14 complex HPB surgery, 19 and vascular surgery. 28 These studies were largely focused, however, on very specific procedures and many were singleinstitution series. Furthermore, these studies identified risk factors but largely did not seek to create prediction models for readmission. Defining the incidence of readmission in a large national cohort of general, vascular, and thoracic surgery, as well as better defining which factors are associated with readmission, may be critical to improve outcomes and define areas for intervention. This study is important because it demonstrated that the overall incidence of readmission after a surgical procedure was relatively common at about 1 in 13 (7.8%). Furthermore, readmission varied significantly among surgical subspecialties, with readmission being as high as 1 in 8 for small and large intestine surgery and 1 in 6.5 for HPB surgery. Perhaps more importantly, we identified a number of patient and hospital course factors associated with an increased risk of readmission. In turn, using a simple integer-based model consisting of ASA class and the LOS, a prediction model for higher risk of readmission was defined. Although a score of 4 had a relatively high specificity, it had a poor sensitivity. These data collectively suggest that "predicting" readmission remains a challenge.
Although a number of factors were associated with a higher risk of readmission, increasing ASA class and the LOS were the most predictive risk factors for readmission (Tables 1 and 2 ). The association of ASA and readmission is consistent with previous studies, essentially all of which identified comorbidity as a risk factor for readmission. 4 For example, Silverstein et al 29 noted that the magnitude of increased risk of readmission was similar for most comorbid conditions, with a relative risk ranging from 1.12 to 1.53, corresponding to a 1.3 to 6.9 percentage point increase in the probability of readmission. In a separate study, Mudge and colleagues 30 noted that chronic comorbid conditions were one of the strongest predictors of increased risk of readmission among medical patients. Similarly, several other studies have found that increasing LOS is associated with increased readmission. In previous work, our group noted that an LOS greater than 7 to 10 days was associated with a higher incidence of readmission among patients undergoing both small and large intestine as well as HPB procedures. 14, 19 The fact that the longer LOS associated with increased risk of readmission is probably related to how this factor may be a surrogate for both increased surgical complexity and complications during the index hospital stay.
Using ASA class and the LOS, we defined a simple readmission score. The risk of readmission increased incrementally with the readmission score. On the basis of ROC analysis, a score of 4 seemed to be the optimal cutoff value to predict readmission. The score performed moderately well when applied to the validation subset with an overall AUC of 0.702. In their systematic review of risk prediction for hospital readmission among medical patients, Kansagara et al 4 noted that most prediction models to identify high-risk medical patients for readmission had AUCs ranging from 0.56 to 0.72. As such, our readmission score for surgical patients seems comparable in terms of accuracy to previous models proposed for medical patients. It is important to note that among patients with the highest scores, the incidence of readmission was about 20%. Overall, the score had good specificity and negative predictive value, but the sensitivity and positive predictive values were more modest. In other words, the score was better at predicting who would not be readmitted, rather than who would be readmitted. In fact, many patients who were readmitted had a low-to-moderate readmission score-partly attributable to the fact that there were far more patients in this category. Although more accurate identification of those patients at the highest risk of readmission is ideal, even partial identification of high-risk groups can improve the cost efficiency of expensive case management resources. 31 On the basis of our data, a readmission score of 4 seemed to be the most applicable clinical cutoff value, as patients with a score of 4 or more accounted for nearly 80% of readmissions.
Surgical subspecialty contributed only somewhat to the risk of readmission compared with other factors on multivariate analysis. It was true that the incidence of readmission varied among surgical subspecialties, as well as even within subspecialties on the basis of the specific procedure type. Indeed, the simple readmission score performed worse in certain subspecialties-suggesting that different risk factors may have varying weights in different subspecialties. One particular example was thoracic surgery, where the readmission score performed poorly (AUC: 0.591). Risk factors for readmission among patients undergoing thoracic surgery may be very different than general, HPB, or vascular surgery. It is also important to note that in this study we classified esophageal cases in the upper GI group, not the thoracic group. As such, reclassification of these cases into the thoracic group could impact the performance of the readmission score. Although the readmission score proposed herein represents an initial attempt to identify those patients at the highest risk of readmission, specialty-or procedure-specific models may be of benefit in the future. Notwithstanding this possibility, it is also likely that ward-based nursing and discharge planners will play a large role in readmission prevention interventions. Given that many patients recover in mixed-specialty surgical units, a simple, generalizable readmission score such as the one proposed might be more useful than a slightly more accurate, but much more complex one tailored to specific operations.
This study has several limitations. Because of reporting 30-day postoperative rather than postdischarge readmissions, the ACS-NSQIP introduces an immortal person-time bias. We addressed this by excluding patients with an LOS of longer than 10 days. As such, the current data are only generalizable to patients with an LOS of 10 days or less, which is fortunately the overwhelming majority of patients. The ACS-NSQIP could improve the study of readmission, as well as other important postdischarge metrics, by reporting 30-day postdischarge data instead of only data within the first 30 days after surgery. Alternatively, NSQIP could report the day on which readmission occurred, as they do for other complications. This would allow for a Kaplan-Meier time to event analysis. In addition, another important limitation to this study is that our estimates for readmission probably underrepresent readmissions, as the data likely do not fully account for outside readmissions to hospitals where the index procedure did not take place. Although we used a complex as well as simple model to predict readmission, we were still limited by the variables available in the ACS-NSQIP dataset. In reality, factors associated with readmission might include the following: (1) preadmission factors such as patient demographics, comorbidities, as well as biological characteristics such as extent of disease; (2) health care factors and hospital course such as transfer from another hospital, perioperative complications, and the LOS; and (3) postdischarge factors such as social characteristics like socioeconomic status, the discharge environment, availability of caregivers, and health care self-efficacy (Table 5 ). The ACS-NSQIP, however, has minimal information about characteristics on discharge setting, postdischarge social support, family caregiver characteristics, and other possible social determinants of readmission. 4, 5, 12 Given this, perhaps it is not surprising that our prediction model, as well as those of others, did not better predict readmission. 4 
CONCLUSIONS
In conclusion, on the basis of a population-based dataset, the 30-day incidence of readmission after general, vascular, and thoracic surgery was noted to be at least 7.8% and at a minimum ranged from 5.0% to 15.8%, depending on the surgical subspecialty. Although factors associated with the risk of readmission included both patient- level and hospital course factors, ASA class and the LOS were the two factors with the greatest predictive power on the basis of RR and PAR. Using ASA class and the LOS, a simple integer score was found to predict readmission with a high specificity, but only a moderate sensitivity. Although the readmission score may not precisely predict absolute readmission risk, it may be a useful heuristic tool to identify those patients at the highest risk of readmission to direct prevention interventions. As conditions covered by the Medicare Hospital Readmissions Reduction Program expand into surgery, further research into the causes and prevention of readmission in this population will become increasingly important.
DISCUSSANTS M.T. Hawn (Birmingham, AL):
This article begins to address an important gap in our knowledge of whether readmissions following surgery can be predicted, as this is the first step in determining whether and how readmissions can be prevented. Unfortunately, predicting readmissions is not a precise science.
The authors provide a simple tool, LOS/2 + ASA, to classify readmission risk category. Although the simplicity of this tool makes it easy to implement, little can be done to lower ASA class, and it is unlikely that discharging patients earlier would decrease readmissions.
What we need are actionable predictors of readmission that can be modified, so that we can then determine whether an intervention reduces readmissions. The authors have appropriately recognized the limitations of the ACS-NSQIP in addressing these issues, particularly in assessing readmission within 30 days and comparing readmission rates across hospitals.
I have several questions for the authors on their model building and their overall conceptual model. First, do you believe that readmissions represent poor quality of care, good quality of care, or both? If both, do you think that we can find a way to discriminate between the two? Is the goal of reducing readmissions a cost issue or quality issue?
I would argue that the focus should be on the latter and that through improving quality and reducing harm we should reduce costs. How do you plan to use your readmission prediction tool at your care setting?
Second, I am curious why you chose to focus only on index length of stay and predischarge complications. These 2 factors are tightly correlated. A recent study has shown that the median time to complications ranges from 3 days for cardiac surgery to 7 days for SSI [Pam: what is SSI?]. Are your patients with longer lengths of stay those that had predischarge complications and are those the mediating factors in readmission?
By limiting your population to patients with an index length of stay of 10 days, would this model not be difficult to apply to the broader group of surgical patients?
Finally, I challenge you to look at postdischarge complications and their association with readmission. Can we predict these events at discharge to identify readmissions related to surgical complications and prevent them? Is this an opportunity to use the ACS-NSQIP data for meaningful improvement?
Response From T.M. Pawlik (Baltimore, MD):
I do not think that "actionable" and "modifiable" are synonymous. I agree that length of stay and predischarge complications are perhaps not modifiable but they are actionable. If we can identify those individuals at the highest risk of readmission, perhaps we could target an integrated intervention to prevent these patients from ultimately being readmitted and target some of our resources toward these individuals.
As for readmission being a metric of poor quality or higher cost, I think that cost and quality should not be seen in opposition. Many of us would agree that we have a lot of cost in the health care system, but we do not have the quality. What we are looking for is value-the right care at the right cost.
In some situations, readmission could be a metric of poor quality; in others, it could be a metric of case mix or resources.
We chose length of stay versus complications in the model building on the basis of attributable risk. Length of stay had a higher attributable risk than did risk associated with complications.
It is also interesting to note that only about 60% of patients who had a length of stay between 11 and 30 days had any inpatient NSQIP complication that was coded, so the reasons for their length of stay are unclear. Furthermore, in our multivariate complex model, inpatient complications had a much smaller risk ratio for readmission than did length of stay. Perhaps the inpatient complication was addressed before discharge, and that readmission was a result of factors unrelated to complications.
How do we plan on using this score? At Johns Hopkins, a number of initiatives are already underway to attempt to use discharge tools. Some of these tools incorporate length of stay and number of preoperative medical comorbidities to identify patients at the highest risk of readmission. Once those patients at the highest risk are identified, specific procedures are implemented (eg, regular calls to these patients after discharge, earlier postoperative visits) to try to keep these patients out of the hospital.
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We agree that one limitation of this study was that we limited the data set to those individuals who had a length of stay of 10 days or fewer. However, that measure only restricted the cohort by about 6%. Given that most patients are discharged within 10 days, we think our study is applicable to a large group of surgical patients. Regarding your final comment about using complications postdischarge versus inpatient complications as the risk factor most predictive of readmission, we were trying to create a model predischarge and could obviously only have used those data that were on hand before the patient was discharged.
We did go back and look at patients who were readmitted. Again, in the NSQIP data, only 37% of patients had a postdischarge complication coded as a reason for their readmission, which makes me wonder, what happened to the other 60%? Why were they readmitted if no code for a complication was recorded in the NSQIP? If every readmission is, in theory, due to a postdischarge complication, whether medical or social, sorting out the reason is an area for future research.
DISCUSSANTS Keith D. Lillemoe (Boston, MA):
I am acutely aware of the readmission problem, having just arranged for the readmission of one of my patients about a week after having been discharged. What can we do to keep these patients from being readmitted other than extending the initial hospitalization until the patient seems to have passed through the window of concern? All the phone calls or early visits in the world cannot stop the progression of the disease process, which eventually brings them back into the hospital.
Finally, is readmission rate really a legitimate quality measure for surgeons? Maybe it is for acute myocardial infarction or for heart failure, if the patient is not taking the right medications. However, there are some conditions-for which it seems that no matter what we do-that we can reduce the readmission rate to much below 10% to 12%.
Response From T.M. Pawlik:
I do not know what we can do about this hotly debated issue. Readmission is a multifaceted and complicated metric that some would argue is an inappropriate measure of quality. Many things are out of our control before we even meet the patient; some things occur in the hospital, and many other things are out of our control once patients are discharged, such as where patients live, their family support, and their financial resources. If readmission is to be used as a quality metric, there must be robust risk adjustment, not just for comorbidities but also for social factors as a matter of basic fairness. Otherwise, we may end up penalizing hospitals that take care of disadvantaged patient populations.
In my opinion, readmission is a problematic quality metric that we may only be able to address by identifying those patients at the highest risk and deploying resources to this specific targeted patient population.
DISCUSSANTS Richard J. Shemin (Los Angeles, CA):
At UCLA, we have studied readmission on the cardiac surgery service. We found variations not only by specialty but also by the type of operation. For example, a patient with a heart transplant has a different pattern of complications and readmissions than a patient with a coronary artery bypass graft.
We have looked at the tools and processes that we can use at the time of discharge to reduce readmissions and found that the most important and effective are frequent phone calls and enhanced outpatient management. During these calls, a nurse practitioner can monitor fluid status, temperature curve, wounds, anticoagulation, and other problems proactively on an outpatient basis to reduce emergency department visits and subsequent readmission.
Response From T.M. Pawlik:
I agree. Heterogeneity can be found even within subspecialties; for example, within HPB, readmission rates are higher for patients with pancreatic disease than for patients with liver disease. I also agree with your second point about phone calls. Similarly, I think it is important to ensure a good transition to the community and the primary care physicians, which can help keep the patient out of the hospital.
DISCUSSANTS Henry A. Pitt (Philadelphia, PA):
I have 1 concern and 1 comment. My concern, as expressed by Dr Hawn, is that removing the "tail" (long length of stay) of patients may have affected the analysis. We used the University Healthcare Consortium data to analyze the length of stay and readmissions. We found that only 6% of the patients who had complications accounted for the majority of the patients with a long length of stay and readmissions.
My comment is that we actually have been able to reduce readmissions for pancreatectomy by 50% at Indiana University Hospital. However, the process was not trivial and took 5 years. The first steps were to gather data on complications and reduce surgical site infections. Furthermore, steps included teamwork among many stakeholders both within and outside the hospital. Thus, reducing readmissions is possible but requires a great deal of work and takes a long time.
Response From T.M. Pawlik:
I agree. We did some exploratory analyses, looking at the "tail" of patients who had longer hospital stays. Indeed, we found exactly what you mentioned, namely that the risk of readmission in the "tail" was significantly higher than in the main study cohort. Patients who stayed longer than 10 days had a raw readmission rate of 16%, and that is probably an underestimate because of the person-time bias. That group of patients is a distinct cohort and, as such, we cannot extrapolate our data or performance of the readmission score to that "tail." We consider that patients who stayed longer than 10 days are at high risk of readmission.
Perhaps in the future, NSQIP will have to reassess the policy of collecting data 30 days from the time of operation rather than from the time of discharge if we are going to get robust data on readmission.
DISCUSSANTS D. E. Fry (Chicago, IL):
My reservation is that surgeons and hospitals tend not able to accurately report their readmission rates because fully 30% of these patients are readmitted at a hospital other than the one where the operation was performed. How confident are you in the accuracy of the actual readmission rate?
My last question is a statistical one. Getting large C statistics can be disillusioning if you have placed hospital variables in the risk equation. You had 316 hospitals in this study. Perhaps you put in dummy variables to account for the hospitals themselves. However, my experience with a few million patients is that the C statistic deteriorates if you eliminate the hospital performance influences (particularly poor performance) with dummy variables and look at the coefficients without hospital effects.
Response From T.M. Pawlik:
The NSQIP does try to record readmission to outside hospitals, but I cannot imagine that they capture all readmissions. As you mentioned, the data are subject to an underreporting bias because if an individual is readmitted at another hospital, we have missed counting this readmission.
Regarding your second point about the C statistic, one metaanalysis looked at different risk models for readmission and found that all the AUCs [Pam: do you know what an AUC is?] were between 0.6 and 0.7.
This implies that there are many unmeasured variables that are important to readmission that we will never be able to capture or insert into the model to make it more predictive. There is something unmeasurable that we cannot capture methodologically or statistically.
DISCUSSANTS K.C. Kent (Madison, WI):
In our multivariate model, we found that wound complications and discharge to skilled nursing facilities were the greatest predictors of readmission. Did you look at those factors? Could they help your analysis?
A readmission rate of 8% is an incredibly low number. If you look at most of the publications on readmission rates nationally-the combined medical and surgical readmissions-that number is as high as 18%, and some series, higher. Do you have any insight as to why your number is so low?
Response From T.M. Pawlik:
First, in our complex prediction model, predischarge organ space infection was a strong predictor for readmission, but it was also rare. We have found that moderate but common risks give better predictive power than rare but severe risks, which is why we used population attributable risk to guide model building. Second, we looked at patients who were discharged to skilled nursing facilities, and, as you mentioned, they were at higher risk of readmission. However, we had excluded patients who were discharged to another acute care hospital.
With regard to why the readmission number is so low, part of the reason is the case mix. If you look at the distribution of cases, many of the general surgery patients had appendectomies or cholecystectomies.
Specifically with regard to the HPB population, a similar analysis using the SEER-Medicare data showed a similar readmission incidence of about 18%. Another study with colorectal patients also showed the readmission rate to be similar to the NSQIP data.
DISCUSSANTS J.J. Ricotta (Washington, DC):
Two points of clarification and 1 question.
These are all surgical readmissions or readmission to the surgery service. Readmissions to the medical service are not included. Is that correct?
Response From T.M. Pawlik:
The goal of NSQIP is to include any readmission to any service at any hospital for any reason, but this number is obviously subject to underreporting bias.
DISCUSSANTS J.J. Ricotta (Washington, DC):
And if I understood you correctly, one third of those readmissions were the result of an NSQIP complication. Is that correct?
Response From T.M. Pawlik:
Yes.
DISCUSSANTS J.J. Ricotta (Washington, DC):
Is the bigger problem that these patients are not medically fit when they are discharged? Readmission is not, therefore, necessarily a surgical problem, but is the same issue that we see with medical discharges. Reducing the readmission rate means a timely visit to the internist or family practitioner or making sure patients go home on their medications. Should we be focusing on those things we can control?
Response From T.M. Pawlik:
You are correct. When we look at the NSQIP data, only 37% of readmissions had an outpatient complication coded. We have not yet looked into the nature of those complications. In our analyses of the Medicare data, the most common reasons for readmission were dehydration and infection-related issues.
DISCUSSANTS J.J. Ricotta (Washington, DC):
So maybe the answer is to keep in touch with the patients or put them in touch with their family practitioners soon after discharge, and make sure they go home with the right medications.
